This paper analyzes 24 African census samples from 13 countries available via the African Integrated Census MicroData website (http://ecastats.uneca.org/aicmd) to illustrate how microdata may be used to assess development and pinpoint basic human needs at local administrative levels over time. We calculate a Human Development Index-like measure for small administrative areas, where much of the responsibility lies for executing policies related to health, education and general well-being. The methodological proposals introduced in this paper are particularly pertinent for the case of Africa. While it is true that data for much of Africa is not appropriate for economic growth rates or per capita income estimates, the analysis in this paper demonstrates that they are good enough for many other purposes. Indeed, a major aggravating problem that contributes to the 'African statistical tragedy' is the lack of accessibility to existing census microdata. This paper aims to illustrate the usefulness of census microdata -which are vastly underutilized in Africa -and hopefully contribute to make them transparent and freely accessible.
Introduction
Is the greater "statistical tragedy" in Africa (Devarajan 2013 ) the scarcity of data, or the lack of access to the existing data? Is the problem "Poor Numbers" (Jerven 2013) or inaccessible numbers?
In each decade since the 1970s, at least 80% of the continent's population was censused, yet much of the census microdata are not available for scientific or policy research. This paper analyzes 24 African census samples from 13 countries available via the African Integrated Census MicroData website (http://ecastats.uneca.org/aicmd) to illustrate how microdata may be used to assess development and pinpoint basic human needs at local administrative levels over time. We calculate a Human Development Index-like measure for small areas (typically municipalities, henceforth denoted as MHDI), recently proposed by Permanyer (2013) . Unlike the United Nations Development Program's classic HDI, Permanyer's measure is computed solely from census microdata and therefore, when the data are accessible, may be easily calculated for small administrative areas, where much of the responsibility lies for executing policies related to health, education and general well-being. Summarizing the UNDP's HDI at the national level has its attractions, but the MHDI exposes inequalities that exist within country at the same time that it can offer a summary statistic for an entire country. [[[Endnote#1] ]] Although somewhat different from the classic HDI, the MHDI attempts to construct human development indicators defined below the country level, using a single source produced by the National Statistical Office, census microdata.
[[[Endnote#2]]]
One of the most attractive features of the use of census microdata is the possibility of disaggregating national-level averages and exploring the distribution of human development and its components with unprecedented geographical detail. In particular, the availability of census microdata allows pinpointing those administrative units leaping ahead or lagging behind in the pace of progress toward well-being. Therefore, the MHDI methodology can be particularly useful for policy-makers in need of a highly detailed indicator computed from a single source that is comparable in space and time.
[ [[Endnote#3] 
The MHDI is a composite with three components: health (proportion surviving of live-born children), education (a composite of literacy and primary education completion), and standard of living (amenities or assets, such as potable water, waste disposal and electricity). For countries with two or more suitable sets of census microdata, we compare change over time. For all countries with at least one set we offer cross-national comparisons and calibrate the national census-based measure against the conventional HDI.
The paper is structured as follows. In section 2 we present the definitions, the data and the methodology that has been used to construct the MHDI for 24 census samples in 13 African countries. The empirical results of our analysis are shown in section 3. We discuss the implications of our results in section 4. We conclude with a discussion of methodological, theoretical, and policy implications as well as an appeal to African statistical agencies that have not yet done so to facilitate access to census microdata. Despite the pessimism in the epigraph, we argue that Africa is the continent to benefit the most from the MHDI, when African census agencies adopt twenty-first century principles of access to microdata.
Methodology

Data
Our analysis is based on harmonized census microdata samples from the Integrated Public Use Microdata Series (IPUMS) International database (Minnesota Population Center 2010) disseminated via the AICMD portal. The dataset used here contains 24 samples from 13 countries. These samples are drawn from censuses between 1982 and 2008 (see Table 1 for details on the countries and years included in the dataset). Unfortunately, some census samples available in the IPUMS database-like Egypt 1996 and 2006 , Guinea 1983 , and Senegal 1988-could not be included in our analysis because they lacked the appropriate child survivorship variables to compute the health component of the MHDI.
The geographical detail available for each country is not uniform, as it depends on the density of the sample size (typically between 5% and 10%), the distribution of the population and the way in which administrative units are defined for each country (see Table 1 ). For the case of Rwanda data are only available at the first administrative level (i.e.: the Province level), while for Mali and South Africa indicators can be computed at the third administrative level (i.e.: districts and municipalities, respectively). For the remaining samples, indicators can be computed at the second administrative level (the specific name varies with each country). In cases where the corresponding statistical agencies permits access to complete census microdata files, it would be possible to extend the analysis presented in this paper to even lower levels with increasingly greater geographical detail.
[[[ Table 1 
Some basic definitions
In this section we describe the methodology used to define the MHDI. Following Permanyer (2013) , the MHDI for administrative unit 'i' is an average of the health, education and wealth components (denoted as H i , E i and W i respectively), the construction of which is described as follows.
Health
The health indicator for administrative unit 'i' will be the percentage of surviving children born to women in that administrative unit between ages 20-39, which will be denoted by P i . The Health Index H i is defined as H i =(P i -P min )/(P max -P min ), where P min , P max are the minimal and maximal benchmark values. This is the standard normalization methodology used in the construction of the classic HDI. In our empirical results, we have chosen P min =50 and P max =100. The choice of P max =100 is quite uncontroversial, as it is the natural upper bound that would be observed in the absence of child mortality. The choice of P min =50 is slightly arbitrary but it is grounded on the following reasons: i) It is a simple rounded number that involves no truncation of the distribution of the different P i s; (ii) Lower rounded bounds like 25 or 0 would be theoretically feasible but are too far away from the actual values observed in the distribution of the P i s. Analogous criteria have been used in the construction of the HDI when normalizing life expectancy values in the health component of the index. The health index H i is particularly suitable to estimate health conditions for small size populations. Among others, it has been used to describe socio-demographic conditions of scattered indigenous populations in Latin America (ECLAC 2010) .
Education
In the original HDI definition, the education component is defined as (2/3)·ALR+(1/3)·GER, where ALR is the Adult Literacy Rate (defined as the percentage of individuals aged 15 or more who are available to read and write) and GER is the Gross Enrolment Ratio (defined as the number of students enrolled in primary, secondary and tertiary levels of education, regardless of age, expressed as a percentage of the population of theoretical school age for the three levels). While the former indicator focuses on all adults, the latter focuses on the population in school ages. Unfortunately, it is not always possible to compute the values of ALR and GER for all countries because of data limitations. In this respect, we have made the following decisions: i) Whenever ALR was not available in a given country, we have used an alternative definition using the variable 'Years of Schooling'. More specifically, we considered those individuals with less than five years of schooling as being illiterates. This approach has been used among others by Grimm et al (2008 Grimm et al ( , 2010 . In order to validate the reasonableness of this approach, we have performed a couple of consistency checks. literate/illiterate vs. less than five years of schooling/five years of schooling or more). In most cases, the percentage of agreement between both criteria is above 90%, with a few countries having agreement rates around 85%.
Consistency check #1
ii) In order to compute GER, the 'School Attendance' variable is necessary. Unfortunately, this indicator is unavailable for only 5 of the 24 samples considered in this paper. Unlike the previous case in which it was possible to present an alternative way of defining literacy (see (i)), there is no clear cut way of presenting alternative definitions of GER with the available data. For this reason, and in order to maximize the geographical coverage of our analysis, we have opted for an alternative solution defining a new indicator that is somewhat similar in spirit to GER. If we define PR+ [15] [16] [17] [18] [19] [20] [21] [22] [23] [24] as the population aged 15-24 having at least completed primary education and POP [15] [16] [17] [18] [19] [20] [21] [22] [23] [24] Summing up, the education index for administrative unit 'i' used in this paper can be written as
Standard of living
The standard of living index for administrative unit 'i' (W i ) is an average of a household asset index defined for all households belonging to 'i'. Our asset indices are constructed at the household level (h) using the following aggregation formula:
where A h is the asset index for household h, the a hj } 1 , 0 {  refer to the absence/presence of asset j in household h and k is the number of assets we are taking into account. After computing the asset index A h for each household in the census, our wealth index (W i ) is computed for each municipality 'i' as a weighted arithmetic mean of the asset indices of the households belonging to 'i' (each household weighted by its population share within the corresponding municipality). The availability of household assets or amenities questions varies widely across African censuses , an issue that has imposed serious challenges to our effort of developing comparable measures of standard of living across time and space. Given the aforementioned questionnaire variability, we have opted for a twopronged strategy to maximize the use of data. On the one hand, and in order to ensure international comparability, we have defined a standard of living indicator that included all assets that were available in the different questionnaires at the same time. This has produced an extremely crude asset index consisting of three components only: access to clean drinking water, access to electricity and ownership of an improved sanitation facility. [ [[Endnote#6] ]] This simple asset index will be referred to as 'core standard of living index' or 'core wealth index' and will be denoted as The municipal-based HDI After computing the three components of the index, the MHDI for administrative unit 'i' is finally defined as the arithmetic mean (H i + E i + W i )/3. It should be noted that since 2010, the official HDI is calculated using the geometric mean 3
. Both approaches have their advantages and disadvantages. On the one hand, the multiplicative HDI was introduced to reward countries with balanced (i.e.: similar) distributions across components and penalize those countries with unequal achievements. However, the multiplicative index drops to zero whenever any of its components is equal to zero -regardless of the value of the other two. This problem is more likely to be found when the units of analysis are very small, as it becomes increasingly possible that some components of the index equal zero. On the other hand, the additive HDI is insensitive to the extent to which achievements across dimensions are balanced or not. However, it does not have the boundary problems of its multiplicative version and -importantly for the purposes of this paper -it allows knowing the contribution of the different components to overall inequality in human development, as is shown below.
Inequality decomposition by factor components
Following Permanyer (2013), we briefly present the methodology used in this paper to compute the contribution of the different components to overall inequality in human development. 
The distribution of human development, health, education and wealth indices will be denoted as Y, H, E and W respectively. According to Shorrocks (1982:195) , if the human development distribution
, then the corresponding Gini inequality index can be written as
where n is the number of administrative units we are taking into account and µ y is the mean of the human development distribution. Plugging equation [3] into equation [4] we have 
which are known as the pseudo-Ginis for factors H, E and W respectively (see Shorrocks 1982:196 and Lerman and Yitzhaki 1985:152) . Equation [5] shows a natural additive decomposition of the Gini index where the contribution of the H, E and W components is clearly established.
Empirical results
In this section we present the empirical findings of the paper regarding the MHDI distribution across 13 African countries. We start exploring distributions within countries first and then proceed with comparisons between countries. In addition, we will put into practice the inequality decomposition by factor components methodology presented at the end of section 2.
Within country analysis.
When the health, education, wealth and human development indicators (i.e.: the H i , E i , W i and MHDI i ) are available for each administrative unit we are working with, it becomes possible to explore their distribution across the entire country with great geographical detail. In addition, when more than one census is available for the same country, it is particularly interesting to investigate the evolution of the human development distribution and its three components over time. In our study, This suggests that the levels of inequality and polarization in those countries can be very large, an issue that will be explored in more detail below. We hypothesize that the existence of bumps in those distributions might be attributable to the urban -rural divide: urban households tend to own more assets and their inhabitants are more likely to enjoy the benefits of nearby health and education facilities. Finally, if one compares the spread of the distributions within countries over time, no substantial changes seem discernible at first sight. At the end of the following section, we will quantify the extent of inequality in all those distributions.
Between country analysis.
We will now compare the distribution of human development and its components across countries.
For that purpose, we will make use of the 'core' wealth index Core i W that includes the same assets for all the countries included in this study -thus ensuring cross-country comparability. We start by examining the population weighted country-level average of our MHDI indicator and its health, education and standard of living components, which are shown in Table 3 Since the MHDI is simply the arithmetic mean of the HI, EI and WI indices, it is straightforward to compute the contribution of each of these subcomponents to the aggregate value of the index. To illustrate: the percentage contribution of the health component to the aggregate MHDI value is simply computed as 100·HI/(HI+EI+WI). As is shown in Figure 5 , the contribution of the three components varies greatly across countries. Figure 5 shows that as the country-level MHDI values decrease, the relative contribution of the wealth index tend to decrease as well while the contribution of the health component tends to increase. As can be seen, the percentage contribution of the three components is balanced (i.e.: around 33% each) only for those countries with the largest MHDI values (South Africa and Morocco). For the other countries, the MHDI values tend to be overwhelmingly accounted for by the health and education components.
[[[ Table 3 In order to contrast the results of our methodology with the official HDI results reported yearly in the Human Development Reports, the latter are also shown in Table 3 . The country-level MHDI values shown in Table 3 particularly interesting for policy making purposes to identify the administrative units that are located in the lower and upper tails of the corresponding MHDI distributions. In the following section, we quantify more precisely the extent of inequality observed in these distributions. Table 4 shows the values of the Gini index for the MHDI, HI, EI and WI distributions. As is shown in Table 4 , the health component is the one that tends to contribute the least to observed MHDI inequality levels, but there are important exceptions (Mali 1987 and 1998 , Rwanda 1991 and 2002 . The education and wealth components tend to dominate the contribution to overall MHDI inequality, but, again, it is difficult to discern simple patterns in the data. Comparing the results of Table 4 with those of Table 3 , it turns out that the contribution of the wealth component to overall human development inequality tends to be larger for countries with higher human development levels. For instance, South Africa and Morocco, the countries with highest human development levels in our study, are the countries where the contribution of the wealth component to overall inequality is the largest (above 50%). At the other extreme, in Mali, Rwanda and Uganda (the countries with lowest human development levels in our study), the contribution of the wealth component is at its lowest values (around 20%). These results, together with the examination of the component-specific distribution graphs shown in Figure 4 , lead us to hypothesize that as countries progress towards higher human development levels, the education and health distributions tend to become more homogeneous, therefore increasing the contribution of the wealth component to overall
Inequality in human development
However, this is a challenging issue that is beyond the scope of this paper and should be explored in future research.
[[[ 
Conclusions
In this paper we use new measurement techniques recently proposed by Permanyer (2013) . The measures add human development indices at small aggregation levels to an operational toolkit that can be used by scholars, researchers, practitioners, national and international institutions and policy makers alike. As argued in the paper, access to census microdata is extremely important for a variety of purposes ranging from academic research to the design of development policies. On the academic side, the lack of reliable data at sub-national levels is a major hurdle that critically undermines the possibility of (i) assessing the large, unmeasured heterogeneity within countries; and (ii) empirically testing alternative theoretical efforts proposed in different disciplines of the social sciences that aim to establish formal linkages and interactions between variables operating at the micro and macro aggregation levels. From the policy-making perspective, there is a need for more accurate information that can be used for the design and evaluation of public policy and to reduce the risk of falling into the ecological fallacy trap. The design of fine-tuned policy instruments can be particularly useful to identify and monitor the evolution of small administrative units that are otherwise concealed under national averages.
The methodological proposals introduced in this paper are particularly pertinent for the case of Africa. While Devarajan (2013) and Jerven (2013) are correct when they conclude that data for much of Africa is not appropriate for economic growth rates or per capita income estimates, the MHDI analysis in this paper demonstrates that they are good enough for many other purposes. Indeed, a major aggravating problem that contributes to the 'African statistical tragedy' is the lack of accessibility to existing census microdata. This paper aims to illustrate the usefulness of census microdata -which are vastly underutilized in Africa (Alderman et al 2003, p.193 ) -and hopefully contribute to make them transparent and freely accessible. rather than summarizing detailed information into an aggregate measure, we have emphasized the importance of exploring the distribution of human development at low aggregation levels.
Endnote#2: Other conceptually related approaches are those of Grimm et al (2008 Grimm et al ( , 2010 ) who present an HDI for different income quintiles; Harttgen and Klasen (2011a) , who calculate the HDI separately for internal migrants and for non-migrants and Harttgen and Klasen (2011b) , who define a household-based Human Development Index. Since these indicators are constructed on the basis of household surveys alone, it is not possible to estimate their distribution in such a way that they are statistically representative for sub-national geographical units (e.g.: state, province, municipality and so on) because of sampling variability.
Endnote#3: In an attempt to have high-precision welfare estimates at very low aggregation levels, the World Bank has been recently using the so-called "poverty mapping" techniques (see Elbers, Lanjouw and Lanjouw (2003) , Bedi, Coudouel and Simler 2007) . While both the approach presented in this paper and the poverty mapping methodology attempt to construct welfare indicators with high geographical detail, some differences are worth pointing out. On the one hand, poverty mapping techniques require having a census and a household survey carried out the same year, while the methodology presented here is based on census data alone. On the other hand, poverty mappings generate estimates of income or consumption levels, while our methodology includes other nonmonetary dimensions like education and health. All in all, these complementary approaches make up a valuable new component for the contemporary analysts' and policy-makers' toolbox that is extremely useful to help inform current development debates.
Endnote#4: In the case of Rwanda 1991, that information is not available. In order to include that country in our sample, we have defined a simpler version of the education index, in which we only included the ALR. Since this compromises the comparability of that specific country, special caution should be exercised when interpreting the corresponding results.
Endnote#5: The big exception to that rule was found in South Africa, which has the highest levels of school attendance, primary education completion and human development among the countries included in this paper. In that case the correlation coefficient is around 0.3.
Endnote#6: As can be seen in Table 2 , there are a couple of exceptions to that rule. For the case of
Mali there is no information regarding the water supply and for the case of Malawi 1987 there is no information on access to electricity. In those cases, the corresponding asset index is based on the remaining two components only. Since this compromises the comparability of those specific countries, special caution should be exercised when interpreting the corresponding results.
Endnote#7: It should be pointed out that for the cases of Malawi and South Africa, we only show the results corresponding to their last two censuses. Both countries have a third census which, unfortunately, does not have the same list of household assets as the other two, so they are not strictly comparable. Morocco is the only country with the same list of variables for the three available censuses, so the corresponding results are shown for all of them.
Endnote#8: It is important to highlight that the level of geographical disaggregation is not the same for all countries (see Table 1 ). Therefore, countries with greater geographical detail are likely to exhibit larger spread in their MHDI distribution. This should be borne in mind when comparing distributions' spread. 
